. Study area map of the Lower Mekong Basin highlighting geopolitical boundaries, the river systems in the region, and the water quality monitoring stations included in the MRC water quality database.
Remote sensing tools can provide spatial and temporal resolution for surface suspended sediment concentration (SSSC) in large rivers that are not available from traditional in situ measurements [10] [11] [12] [13] . The retrieval of SSSC from remote sensing systems relies on the optical properties (transmittance, absorption and scattering) of water and the dissolved and suspended constituents in the water. Suspended solids are responsible for most of the scattering in an aquatic system, whereas chlorophyll-a (chl-a) and colored dissolved matter are mainly responsible for absorption [14] . A variety of techniques have been used to estimate SSSC from different remote sensing systems [15] [16] [17] . There is a wide body of research on assessing water quality analytical optical modeling using in situ inherent optical properties [18] [19] [20] . Unfortunately, these approaches are often complex, iterative and location specific, leading researchers to explore the extent to which empirical models can provide robust estimates of water quality parameters. Methods used to relate in situ data to the satellite observations through statistical relationships include simple linear regression, non-linear regressions, principal component analysis, and neural networks. Previous studies have shown that SSSC is well correlated with the first four bands of the Landsat sensors [21] [22] [23] and the use of a single band from the sensor series, provided the band is chosen appropriately, can provide a robust estimation of SSSC [24] [25] [26] [27] [28] [29] . Moreover, other studies have also illustrated the utility of band ratios from Landsat sensors to estimate SSSC [11, 30, 31] . Sensors from the Landsat satellite series (TM, ETM+, OLI) are the most commonly used remote sensing platforms for estimating SSSC [32] .
Because the relationship between SSSC and surface reflectance is a function of sediment mineralogy, color, and grain size distribution [33] , empirical models perform best when calibrated with local in situ observations. This is particularly important in riverine SSSC studies because there is often considerable spatial and temporal variability in these parameters. Previous efforts to estimate SSSC and TSS from remote sensing data sources in the Lower Mekong Basin have focused on the main stem of the Mekong River or on the Mekong Delta, but not both. For example, Suif et al. [34] developed an empirical model using the near-infrared band on Landsat TM as well as the blue, green, and red bands in a multiple linear regression along the Mekong River. In another recent study, Duc et al. [35] found a strong correlation between the 1st principle component of Landsat TM and ETM+ imagery and SSSC in the Mekong Delta. While these studies provide models to estimate SSSC accurately from remotely sensed data, the models were not validated at regional scale and therefore, need careful consideration before broad use. Other studies, such as Bui et al. [36] have used soil erosion modeling to estimate sediment transport dynamics within watersheds in Southeast Asia. Although, modeling approaches produce suspended sediment load (SSL) information irrespective of remote sensing inputs, the models require detailed parameterization and quality in situ data to accurately estimate SSL, which can limit application in data sparse regions.
Cloud based remote sensing platforms such as Google Earth Engine (GEE) offer exciting new opportunities to provide policy makers with high resolution near real-time SSSC data through a simple web interface without the need for expensive software, technical expertise or other resource demanding solutions. The goals of this study were to (1) calibrate a regional remote sensing model of SSSC in the Lower Mekong which augments the spatial and temporal resolution of existing field records and (2) develop an online application that allows users, without any expert knowledge of remote sensing, to monitor and analyze trends in SSSC for decision making within the region. We accomplished these goals by utilizing the extensive MRC SSSC dataset across the entire Lower Mekong Basin to develop an empirical model for estimating SSSC from satellite data. The model includes 8 main stem gauging stations on the Mekong River, and 36 additional gauging stations from tributary systems, the Mekong Floodplain, and reservoirs. The model is accessible through an operational online application that allows users to monitor and analyze trends in SSSC from continuously updated remote sensing datasets in a timely manner. This novel web application can provide actionable SSSC data to decision makers throughout the region.
Data and Methods
In this study we correlated in situ SSSC measurements with coinciding Landsat observations to create an empirical model to estimate SSSC in the Lower Mekong Basin. Due to large data volume and processing needs, GEE [37] was used to facilitate data processing. GEE allows users to run algorithms on georeferenced imagery, vector data, and other precomputed value-added products stored on Google's cloud-based infrastructure in an easy-to-use manner. GEE was used in this study to (1) query all Landsat observations over the Mekong Basin that coincide with in situ measurements; (2) extract the spectra to develop an empirical SSSC model and (3) provide back-end processing for an online suspended sediment application. Figure 2 displays the overarching workflow used in this study. 
Field Measurement of Suspended Sediment Concentration
The reference dataset used to create and validate the SSSC model was acquired from the MRC data portal (http://portal.mrcmekong.org/). The MRC established a water quality monitoring network in 1985 to measure discharge and collect monthly water quality samples for a wide suite of constituents including cations, anions, nutrients and SSSC [38] . SSSC samples are collected near the surface (0.3-0.5 m) using a bottle, and therefore likely underestimate SSSC given that suspended sediment concentration typically increases with depth. Nevertheless, these surface samples provide an excellent comparison with remotely sensed optical properties which are most representative of shallow depths. Although this is the best available water quality dataset for the Lower Mekong Basin, it does include uncertainties in sampling technique consistency and quality from earlier collection years. At many stations, SSSC records are not complete, with data gaps ranging from months to years. For a thorough discussion of SSSC data reliability in the Lower Mekong Basin see Walling [8] .
Landsat Collection Data
Data from the Landsat TM (from both Landsat 4 and 5 satellites), ETM+ (Landsat 7) and OLI (Landsat 8) sensors were used to estimate SSSC for water bodies in the Lower Mekong Basin. The Landsat 4, 5, 7, and 8 satellites are each in a sun-synchronous orbit each with a 16-day revisit time. Landsat 4 had an operating lifetime from 1982-1994, Landsat 5's lifetime was from 1984-2011, and Landsat 7 has been active since its launch in 1999. Landsat 8, the most recent satellite in the series, was launched in 2013. While any two Landsat satellites were in operation, there was an 8-day offset of data acquisition between the two satellites increasing the temporal resolution. The TM, ETM+, and OLI sensors collect spectral channel data in the visible, near-infrared (NIR), and short-wave infrared (SWIR) portions of the electromagnetic spectrum at 30 × 30 m resolution. Landsat data collected from 1985 to 2011 from Landsat 4, 5, and 7 were used in this study to maximize the number of Landsat observations that coincide with the in situ data from MRC. All Landsat sensors are used within the online applications.
Data Preprocessing
The in situ data were provided as a table with geographic latitude and longitude along with suspended sediment concentration for each collection time. To reduce the influence of the channel bottom or upwelling that occurs next to the bank and in shallow waters, station locations were filtered to ensure that only stations at least 60 m (two Landsat pixels) from the bank of the waterbody were included in further analysis. To account for changes in river morphology during the time from 1985-2011, the shoreline was dynamically calculated from the European Commission's Joint Research Center (JRC) Monthly Water History v1.0 image collection (JRC/GSW1_0/MonthlyHistory) [39] for each in situ collection date. Landsat or in situ data that was collected within 60m of the dynamic shoreline was not used in the analysis.
Next, the Landsat collections within GEE were queried to identify scene IDs that overlap MRC stations within one day of a in situ collection date. The precomputed surface reflectance (SR) Landsat collections were used in this analysis (LANDSAT/LT04/C01/T1_SR; LANDSAT/LT05/C01/T1_SR; LANDSAT/LE07/C01/T1_SR); these Landsat data collections have been converted from raw digital numbers to Top of Atmosphere (TOA) reflectance using the methods and band specific irradiance values from Chander et al. [40] .
Atmospheric correction is an important process for the remote sensing of water quality as water-leaving radiance constitutes a small fraction of the total energy measured by the sensor, with the main contribution coming from the atmosphere [41] . Studies have found that image-based [42] [43] [44] , site-specific [41, 45, 46] , and radiative transfer model [47] [48] [49] atmospheric correction methods can provide adequate retrievals of surface reflectance for water quality mapping. The Landsat data used in this study have been atmospherically corrected using the Earth Resources Observation and Science (EROS) Center Science Processing Architecture (ESPA) surface reflectance processing system. The ESPA surface reflectance processing system uses the Landsat ecosystem disturbance adaptive processing system (LEDAPS) algorithm [50] to atmospherically correct data from Landsat 4-7. The LEDAPS processing algorithm is built upon the 6S atmospheric correction model [51, 52] . The 6S atmospheric correction model is a single layer radiative transfer model that enables accurate simulations of satellite observations that account for the elevation of targets, includes the modeling of a realistic molecular/aerosol/mixed atmosphere, allows for the retrieval values from Lambertian or anisotropic ground surfaces, and includes the calculation of gaseous absorption [53] . Furthermore, the 6S model is a widely used and heavily documented radiative transfer code that has been rigorously validated [54, 55] and applied for remote sensing of water quality [56] [57] [58] making it a suitable atmospheric correction procedure.
Included in the ESPA surface reflectance processing is the C Function of the Mask (CFMask) algorithm [59] used to map cloud, cloud confidence, cloud shadow, and snow/ice pixels in Landsat scenes. The CFMask is an implementation of the FMask algorithm [60] written in C programming language. The CFMask code is a multi-pass algorithm that first labels pixels based on a decision trees classifier; it then uses scene-wide statistics to validate or discard the initial pixel labels.The cloud shadow mask is created by iteratively projecting clouds to the ground with multiple cloud heights. Pixels flagged as cloud or cloud shadow were masked in the Landsat data collection using the CFMask pixel QA band. To ensure that the extracted image spectra were water, the JRC water mask [39] was used to extract water only pixels for analysis. The JRC Monthly Water History v1.0 image collection (JRC/GSW1_0/MonthlyHistory) was temporally filtered for the month coinciding with each individual Landsat scene and used to mask land pixels. The JRC data is only available from 16 March 1984 to 18 October 2015 which affects data processing outside of the JRC date range. Thus, the CFMask QA band was used to extract pixels flagged as water as a secondary/backup algorithm for Landsat scenes that fall out of the JRC data availability.
After the MRC station-satellite acquisition coincidence check and data masking, the image spectra were extracted from the coinciding and masked Landsat scenes. After the preprocessing and spectra extraction, a natural logarithmic transform was applied to both the atmospherically corrected image spectra and in situ SSSC measurements to reduce skewness and make the distributions more Gaussian for linear statistical modeling. The log transformed image spectra and SSSC measurements were then used to create an empirical model to estimate SSSC from Landsat imagery.
Statistical Methods
The total sample of image spectra and SSSC measurements was sub-setted into calibration and validation samples; 70% of the data were used for calibration and 30% were used for validation. The sub-setting was completed using a Monte Carlo approach where the validation data was randomly selected. The index of the samples selected for validation were stored for 10,000 iterations. The final validation sample was selected by finding 30% of the data indices that were selected the most from all Monte Carlo simulations, data not selected for the validation sample were used within the calibration sample.
To determine the optimal band or combination of bands for the model [32] , the spectral data from visible and NIR bands and all possible visible and NIR band ratios were correlated to the calibration sample. Only the bands and band ratios that had an absolute linear correlation greater than 0.50 were used to test for the best covariate for estimating SSSC. The selected bands were then used to derive an empirical model of SSSC from the calibration dataset. Five statistical models were optimized between the image spectra and SSSC measurements using the Scientific Python (SciPy) module [61, 62] in a local Python environment; these models include: (1) linear; (2) exponential; (3) 2nd order polynomial; (4) 3rd order polynomial and (5) 4th order polynomial functions. Each model was tested on the selected bands using the following objective functions: coefficient of determination (R 2 ), sum of square error (SSE), and significance (p). The resulting model fit statistics were used to rank the best performing model based on the calibration dataset. The best performing model was then applied on the validation dataset and statistically analyzed to understand the accuracy and errors associated with estimating SSSC using the specified approach.
Online Application
The preprocessing methodology and selected empirical model of SSSC was implemented in an online application. Google's App Engine was used to host the application that relies on the GEE backend to process the imagery. The framework for requesting data, performing spatial calculations, and serving the information in a browser is provided in Figure 3 . The web interface relies on the Google App Engine technology, using elements of HTML, CSS and JavaScript (or Clojure). Requests from the front-end are made by a call from JavaScript to the Python script using Asynchronous JavaScript And XML (AJAX). The GEE Python library handles requests to GEE and receives the result. The information returned to the JavaScript is displayed in the browser. Spatial information is displayed with the Google Maps Application Programming Interface (API) and graphical data is displayed with the Google Visualization API. The infrastructure for spatial application development provided by Google. GEE consists of a cloud-based data catalogue and computing platform. The App Engine framework was used to serve the data to a web browser and communicate with the GEE using the Python API. Figure reused with permission from Poortiga et al. [63] .
Results

Model Calibration and Validation
From the original 132 MRC water quality stations, a total of 44 stations met our quality control criteria for having collections >60 m from the bank. (Figure 4 ). For the 44 selected MRC stations there were relatively few cloud-free, coinciding Landsat observations within one day of in situ sampling. Out of a total 24,749 in situ samples from the MRC dataset, a total of 118 Landsat observations met the criteria for inclusion in the empirical model across the 44 stations (see Appendix A for detailed information on the stations used). Figure 4 displays the spatial, temporal, and SSSC concentration distributions from the acquired coincidence samples. Overall, in situ samples and coincident Landsat observations were recovered from a variety of locations throughout the basin, but coincident observations were most common along the Mekong mainstem and larger tributary systems (Figure 4a ). In total, the calibration dataset includes 8 stations located in the the Mekong River main stem, 11 stations located in tributary systems, 22 stations from the Mekong Floodplain (which constitutes all stations downstream from Kratie [35] ), and 3 stations located within reservoirs (Table A1 ). The calibration and validation dataset includes 118 Landsat observations coincident with in situ SSSC measurements, 66 of these instances come from the dry season (December to May) , while 52 occurred during the wet season (June to November), providing a good representation of both the wet and dry seasons for statistical analysis (Figure 4b The statistical correlation analysis between SSSC and the Landsat spectra yielded five candidate bands for the empirical model creation and further analysis based on our criteria (Table A2 ). The bands and band ratios with a correlation coefficient over 0.5 with the SSSC calibration dataset included: (1) where y is the estimated ln(SSSC) and x is ln(
). Equation (1) was applied to the validation sample subset and to determine the accuracy of the model ( Figure 5 ). Model error statistics were calculated to quantify the performance of the model ( Figure 5 , Table 1 ) by converting model output from log space to actual SSSC values. The validation dataset was split into wet and dry season observations in order to assess model performance under high flow and low flow conditions (Figure 5b,c) . Model error statistics such as correlation coefficient (R) and Nash-Sutcliffe model efficiency coefficient (NSE) are well within acceptable model range for modeling of water quality parameters according to Moriasi et al. [64] . However, the relative error (RE) for the entire validation dataset of the model is approximately 43%, with a RE of 44% and 41% for dry season and wet season samples respectively. While this RE is above Previous studies of suspended sediment in the Lower Mekong Basin (using both in situ and remote sensing approaches) have focused largely on the mainstem water quality stations [8, 27, 34] . In this study we used all available data (mainstem and tributaries) to develop a empirical model of SSSC that can be applied throughout the entire basin. To assess model performance across a range of settings in the Lower Mekong Basin, we compared monthly median SSSC from the entire in situ dataset and all remotely sensed estimates (independent of coincidence) at the 44 stations that met our quality control criteria. To make the comparison, stations were classified into four groups that represent different environments: (a) the mainstem of the Mekong river; (b) tributary river systems; (c) Mekong Floodplain region and (d) reservoirs (Table A1) . For all location groups the model accurately captures temporal dynamics of SSSC ( Figure 6 ). However, in general, median monthly SSSC values measured in situ are higher than modeled SSSC monthly medians, particularly in August and September in the main stem and Mekong Floodplain locations. Interestingly, the model does an excellent job estimating monthly median SSSC in reservoirs throughout the year, while the largest difference in monthly median SSSC is observed in the Mekong Floodplain stations. This could indicate that optical properties of shallow water are influenced by additional factors (e.g., channel bottom, aquatic plants, chlorophyll concentration) not included in our model. 
Web Application
Landsat derived SSSC values are available through a simplified web-interface ( Figure 7 , https: //mekong-ssc.appspot.com) that utilizes GEE and AppSpot technologies. Users define a time period of interest, season to process (wet season, dry season, or all months), and a region of interest. Then the application calculates the mean SSSC value for each Landsat pixel in the region of interest from all of the cloud free Landsat observations of that pixel within the selected time period. Users also have the option to generate time series charts through the web application. Calculated SSSC time series values are displayed in the web application and the calculated values are available for download. Users can download the chart as an image or the raw time series data as a CSV file. The time series option displays the mean SSSC concentration calculated for all pixels in the defined region for each time step available. 
Discussion
Improved Spatio-Temporal Resolution and Coverage
Our results are generally consistent with previous work which finds that exponential models using band ratios (as opposed to individual bands) are the most successful at estimating SSSC values over a broad range in concentration [16] . The 19 mg·L −1 RMSE of our model represents an improvement from the previously published models for the Mekong. For example, Suif et al. [34] report an RMSE ranging from 50.2 to 109.7 mg·L −1 for the Mekong main stem, and Wackerman et al. [17] report an RMSE of 34 mg·L −1 for an empirical model of SSCC in the Mekong Delta. Given that these studies were calibrated using fewer in situ observations from a smaller region within the Mekong Basin, our results illustrate that a regionally applicable model can be developed with sufficient in situ observations (n = 118 samples in this study).
The operational model developed in this study considerably increases the availability of SSSC data in the Lower Mekong Basin, making it possible to estimate SSSC for large stretches of the Mekong River and its tributaries. One impact of improved spatial coverage is that cities not located near MRC stations can now monitor SSSC through the web application ( Figure 8 ). For example, MRC currently has water quality stations near the cities of Vientiane, Nong Khai, and Nakhon Phanom along the border of Thailand and Laos, but the city of Bueng Kan, which is located 185 km downstream of the nearest MRC station does not have a source of local water quality data. Through the online tool monthly estimates of SSSC can easily be downloaded for this region. The time series function in the online tool additionally allows users to explore how SSSC may be changing in their region. In addition to expanding spatial coverage, the model also extends temporal coverage for many parts of the Mekong Basin. For example, SSSC data was collected at the Ban Chai Buri station located at the Songkhram River in Thailand (17.6422 • N, 104.4615 • E) from 2004-2011, but now with remotely sensed SSSC estimates this record is extended to the Landsat series availability (1985-present) . Previous efforts to detect changes in sediment concentrations in the Mekong Basin have been difficult in part due to the limited time series of SSSC records at many stations [8, 66] . The larger SSSC dataset available through this GEE web application should facilitate future investigations of SSSC trends, allowing users to compare local SSSC estimates for time periods before and after dam construction, major land use changes, or other issues of regional interest.
Model Limitations
While our model produces a spatially and temporally extensive SSSC dataset, there are limitations to remote sensing models of SSSC that must be carefully considered when analyzing the model results. First, temporal resolution is limited both by satellite repeat cycle, and by cloud cover. Cloud cover during the wet season is particularly problematic because this is when discharge and SSSC is the highest in the Lower Mekong Basin. In our study the calibration dataset includes 52 Landsat overpasses coincident with in situ observation in the wet season, but only 9 of these samples have concentrations over 200 mg·L −1 ( Figure 4) . As a result, the range of estimated SSSC values produced by the model is smaller than the range of SSSC values in the entire MRC database, and in particular we are missing the highest values during July and August, when in situ measurements of >200 mg·L −1 SSSC are not uncommon. Second, remote sensing techniques measure the optical properties of the top 1-2 meters of the water column, and therefore in shallow water reflectance from the bottom will significantly modify results [67] . We suspect that this is one of the reasons we see the worst match between the MRC dataset and our remotely sensed SSSC dataset for stations downstream of Kratie in the Mekong Floodplain. In this study we attempted to limit interference from the channel bottom by filtering scenes to insure they were at least 60 m from the channel edge. Development of additional filtering algorithms may be required to improve model performance in the region.
Remote Sensing of SSSC concentration can aid regional efforts to assess of water clarity, habitat conditions, nutrient transport and channel morphodynamics, but SSSC estimates cannot be used directly for sediment transport modeling because surface water contains only a fraction of the suspended sediment present over the entire water column. Moreover, the discrepancy between SSSC and depth integrated sediment concentrations will be more significant during the wet season. Particularly at high discharge, bedload transport and course material in the lower water column may constitute a significant fraction of the total sediment load. An additional constraint is that from remote sensing of SSSC alone, it is not possible to differentiate if an increase in SSSC results from mixing of sediment from the lower water column into the upper water column or an increase of suspended sediment in the whole water column. In recognition that depth integrated samples are required for robust sediment transport analysis, the MRC created the Discharge and Sediment Monitoring Program (DSMP) which collected depth integrated samples at 15 locations between 2009 and 2013 through a combination of isokinetic samplers and Acoustic Doppler Current Profilers [68] . Unfortunately, the DSMP dataset is not large enough to calibrate a remote sensing model, but future work could focus on developing rating curves to integrate this information into the model.
Implications and Future Work
The presented web-application and delivery of SSSC data derived from satellite imagery to users on an operational basis is the first of its kind. With the advent of cloud and web-based applications, such as GEE and Google AppSpot, customizable geospatial data products produced operationally are more widely available. These publicly available applications ultimately allow users greater flexibility to provide input data, filter spatially and temporally, and modify algorithm parameters to provide relevant information for analysis. The web application presented here, along with other such applications (e.g., Robinson et al. [69] ), are examples of the changing paradigm from serving static geospatial products to dynamic data products.
There is great potential for this model to be adapted to estimate concentrations of additional water quality constituents, particularly those that are associated with suspended sediments. Future work on this system will focus on utilizing additional sensors, such as Sentinel-2, to improve temporal resolution of satellite observations. Sentinel-2 has been shown to provide high quality estimates of suspended sediments and other water quality parameters [70] and data from Sentinel-2' has already been successfully integrated with Landsat for monitoring water quality [46] . Furthermore, although remote sensing relies on optically active water constituents, recent studies have explored the utility of remote sensing technologies for optically inactive water quality parameters. For example, Wu et al. [71] used Landsat TM data to empirically estimate total phosphorus concentrations in a riverine environment. The fidelity of such methodologies for estimating other optically inactive water quality parameters, such as nitrogen or pH, has not yet been explored in the Lower Mekong Basin. Expansion of the model and web application to include both optically active and inactive water quality parameters will ultimately provide a more holistic view of water quality and aquatic ecosystem health within the Mekong Basin.
Conclusions
The objective of this study was to increase spatial-temporal density of SSSC data in the Lower Mekong Basin by integrating remote sensing observations with in situ measurements. The model developed in this study allows for a consistent and reliable indicator of surface sediment concentrations in an operational near real-time environment. Expanded access to sediment concentration data should be particularly helpful to resource managers interested in the dynamics between sediment concentrations and land use conversions, water policy, and energy production in a globally strategic region.
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Appendix A. MRC Station Information
Detailed information describing the stations used in this study is presented in Table A1 . 
Appendix B. Statistical Exploration Results
Resulting statistical data from correlation analysis between remotely sensed wave length bands (Table A2 ) and the comparison between statistical models for estimating SSC (Table A3) . 
